Tree diameter growth models are widely used in forestry applications, often to predict tree size at a future point in time. Also, there are instances where projections of past diameters are needed. A relative diameter growth model was developed to allow prediction of both future and past growth rates. Coefficients were estimated for 15 species groups that cover most tree species in the northeastern United States. Application of the model to independent data generally showed slight underprediction of growth, although the bias was negligible. Correlated observations were accounted for via a mixed-effects modeling approach, and an error function was specified to address heterogeneous variance. The models use a minimum amount of field-collected data, thus keeping data acquisition costs low and facilitating use in many forest growth applications.
Introduction
One of the most common and important measurements in forestry is tree diameter at breast height (DBH). Tree diameter is easy to measure and often is highly correlated with other tree attributes, such as crown characteristics and bole volume. The importance of tree diameter has led to numerous efforts to develop diameter (or basal area) growth models (Belcher et al. 1982; Amateis et al. 1989; Teck and Hilt 1991; Cao 2000; Schröder et al. 2002) . A common modeling strategy is to formulate a potential or average growth component combined with a modifier function (Burkhart et al. 1987; Hilt and Teck 1988; Lessard et al. 2001) . These modifier functions often are referred to as being distance dependent or distance independent, depending on whether the locations of competing trees are taken into account (Avery and Burkhart 2002, p. 371) . Other researchers have modeled diameter growth directly with a single equation. These composite models estimate growth using tree-and stand-level variables as predictors (Wykoff 1990; Dolph 1992; Zhang et al. 2004 ).
Regardless of model form, it is common in diametergrowth research to standardize the time frame for the change in diameter. For instance, diameter growth over a measurement interval is divided by the interval length to obtain periodic annual diameter growth. This type of standardization approach assumes linear diameter growth over the period. The accuracy of this method depends on the measurement interval and the degree of nonlinearity in tree growth patterns. MacLean and Scott (1988) illustrate the unreliability of assuming either constant diameter growth or constant basal area growth. Other methods of interpolation over a measurement interval and their relation to growth modeling are described by McDill and Amateis (1993) and Cao et al. (2002) . However, the complexity of these methods often limits their use for many practical forest growth applications. Martin and Ek (1984) avoided the interpolation issue by rewriting their model to estimate periodic growth. Periodic growth models are desirable because they allow direct prediction of growth over any reasonable time period without incorporating assumptions implicit to interpolation methods. In this paper, models are presented to estimate periodic diameter growth for tree species in the northeastern United States. These models allow for prediction of both future and past changes in tree diameter. Applications include growth projections and determination of tree sizes at earlier points in stand development. The ability to predict tree size at a previous point in time will facilitate proper assignment to classes of growth components (e.g., ingrowth -when a tree crosses a specified diameter threshold), a capability that has been lacking for accurate estimation of trends for northeastern forests.
Data
The data used in this study were collected by the northeastern unit of the USDA Forest Service's Forest Inventory and Analysis (NE-FIA) program. Growth was computed from a single interval for trees having DBH of 5.0 in. (12.7 cm) or larger on remeasured sample plots from Maine, Vermont, New Hampshire, Connecticut, Rhode Island, Massachusetts, New York, New Jersey, Delaware, Pennsylvania, Ohio, West Virginia, and Maryland. These data originated from subplot 1 of the current FIA plot design , as most locations had transitioned to this design for the most recent measurement. Trees on subplot 1 are included in both previous and current plot designs. The plot radius is 24.0 ft (7.3 m). The plots had relatively uniform geographic spatial distribution, but sampling intensity varied by state, depending on whether the data were from the last periodic inventory or from the newer annual inventory in which full measurement cycles have not been completed for all states (McRoberts 2005) . Plot-level data pertinent to this research included length of remeasurement period, latitude, longitude, and elevation. Longitude values are negative, as all locations are west of the prime meridian. Individual tree measurements vary by state and time of measurement, but included species, DBH, and compacted crown ratio (USDA Forest Service 2004) .
These data were obtained from mapped plots where forested portions of plots were assigned to different conditions when there were changes in reserved status, forest type, stand size, owner group, regeneration status, or tree density (USDA Forest Service 2004) . When these changes are observed, a boundary line is delineated to identify each unique condition, and this information can be used to "map" different conditions occurring over the plot area. A plot will have one or more conditions. Because of the potential for large differences among conditions, basal area per acre values were computed for each condition. Sometimes a condition occurred over a small portion of the plot, which could result in basal area per acre values that do not accurately reflect tree density for the condition.
Some species were combined into species groups to cover all forest tree species encountered and to maintain a sample size adequate to describe relationships between tree growth and predictor variables (Table 1) . These groups predominantly were based on the aggregations used by Scott (1981) , which were based on similarities in tree form. Table 2 shows a summary of the data used to fit the past diameter growth model. The data set used to fit the forward growth model was slightly smaller (about 10%), as some trees were dropped because of inability to obtain crown ratio values from the previous inventory. The attributes of these data are very similar to those of the data shown in Table 2 , as these data comprise a large subset of those used in that summary. A validation data set was constructed by randomly withholding 20% of the observations. Another independent data set was used to assess how model predictions would affect plot-level attributes of quadratic mean diameter and cubic-foot volume. These data represent the first cycle of remeasurement plots available in the NE-FIA region where data were collected under the FIA annual inventory system (McRoberts 2005) . The attributes of these data are similar to those of the data used in model fitting (described above). The observations were collected between 1999 and 2003 from 2370 forested plots.
Model development
A wide range of attributes have been correlated with diameter growth rates. Often, stand-and tree-level measurements that are observed or computed are used as predictor variables in diameter growth models. Stand-level predictors often include age, site productivity, stand density, and stand size (Burkhart et al. 1987; Teck and Hilt 1991; Andreassen and Tomter 2003) . Initial tree size, crown attributes, and social position descriptors often are used to tailor the prediction for a given tree (Cole and Lorimer 1994; King and Arner 1999; Zhang et al. 2004) . In some instances, ancillary data (e.g., elevation) also have been useful (Wykoff 1990 ). In keeping with other modeling efforts aimed at mixedspecies and largely uneven-aged stands, age and site index were not considered to be viable predictor variables (Wykoff 1990; Monserud and Sterba 1996; Schröder et al. 2002) .
Several predictor variables were identified for possible inclusion in the model. NE-FIA collects forest inventory information at various levels of detail, which provides many potential contributors to diameter growth prediction. Because the model needed to be fit to a number of species groups, the modeling strategy was to find a parsimonious model form that adequately describes the observed variability in relative diameter growth, defined as
where ∆D R is the relative periodic increment D 1 is DBH at initial inventory (in.; 1 in. = 2.54 cm) D 2 is DBH at subsequent inventory (in.)
Relative diameter growth was chosen as the dependent variable because it creates a frame of reference that improves model prediction accuracy when compared with untransformed diameter change (e.g., large trees tend to have relatively small values of relative change).
A number of potential predictor variables were evaluated. Those considered but not included in the final model were slope, aspect, temperature, precipitation, and various formulations of distance-independent competition indices. Variables retained in the final model are shown in the form of the composite model: k is the kth tree on jth condition on ith sample plot ∆D ijk R is the relative periodic increment P i is the length of measurement interval (years) CR ijk is the compacted crown ratio (%) LAT i is latitude (degrees) LNG i is longitude (degrees) ELEV i is the elevation above sea level (ft; 1 ft = 0.3048 m) M ijk is a mortality indicator (0, live tree; 1, tree died between measurements) BA ijk is the tree basal area at initial inventory (ft 2 ; 1 ft 2 = 0.0929 m 2 ) BAAC ij is the condition-level basal area per acre at initial inventory (ft 2 /acre; 1 ft 2 /acre = 0.2296 m 2 /ha) ε ijk is an error term β 0 -β 7 are parameters to be estimated When growth projection time interval is not standardized (e.g., annualized), a necessary model input is length of growth projection (P). Tree-level factors important to prediction of relative diameter change include crown ratio (CR) and basal area (BA). CR is an indicator of growth potential, and BA facilitates definition of relative growth. A tree mortality indicator (M) was used to account for potential slower growth rates for trees suffering mortality during the projection period. Stand-level predictor variables include condition-level basal area per acre (BAAC), latitude (LAT), longitude (LNG), and elevation (ELEV). BAAC was used to describe the level of competition for resources, and LAT, LNG, and ELEV were included to account for environmental influences. BAAC values from forested plots with no mapping information could also be used for prediction, with the possible loss of predictive accuracy when plot-and condition-level BAAC are dissimilar. Parameter estimation was accomplished using the SAS NLMIXED procedure (SAS Institute Inc. 2003) , and significance of estimates was determined at the 0.05 level.
Initial regression analyses were performed using this model and plots of residuals (observed-predicted) were evaluated for model adequacy. Although there were no systematic trends noted, the plot of residuals versus predicted values indicated heterogeneity of variance. To account for this, the error distribution was described as
where σ 2 is the model error variance δ 1 -δ 3 are parameters to be estimated others variables are as previously defined.
This methodology permits heterogeneous variance among individual trees, plot conditions, and projection lengths. A similar method of describing model variance was taken by Valentine and Gregoire (2001) , who specified within-and among-tree variance for taper equations.
Correlations among growth rates for trees located within a plot condition are another issue. Correlated observations violate the least-squares regression assumption of independence. Ignoring this circumstance still provides unbiased estimates of model parameters; however, the estimate of model error is biased (Swindel 1968; Sullivan and Reynolds 1976) . This is a cause for concern because there is a direct (Gregoire and Schabenberger 1996) . This mixed-effects modeling methodology allows for indirect specification of the variance-covariance matrix used to estimate model parameters (Gregoire et al. 1995) The mixed-effects model is specified as
where θ hijk 's are random-effects parameter θ h~N (0, σ h 2 ), h = 1, 2 other variables are as previously defined.
This formulation allows coefficients for BAAC and CR to vary from tree to tree, essentially providing a model tailored to each tree in the fitting data. Thus, the accuracy of prediction for these trees is improved. However, in most practical applications for prediction the random-effects parameters are set to their expected value of zero. Thus, the predictive accuracy for new observations is roughly the same as would be obtained without addition of random-effects parameters. Methodologies have been proposed to predict random effects for new observations (Fang and Bailey 2001) , but they require additional information and computation. The primary appeal for a mixed-effects model is to obtain improved estimates of model variance when observations are correlated.
The work described above is consistent with most diameter-growth research, where the primary application is to predict future growth based on current conditions. However, there are situations where it is desirable to determine past rates of growth that led to the current conditions. For instance, the estimation procedures outlined by Scott et al. (2005) assume that any reversion to forest land occurs at the midpoint of the plot measurement interval. To properly account for growth, tree diameters at the interval midpoint are needed and must be computed from current values. To facilitate such computations, model [4] also was fitted to the data where the most recent inventory data formed the basis for variables whose values change over time (i.e., CR, BA, BAAC). Under this data formulation, the definition of ∆D R in eq. 1 is changed to reflect the change in basis:
where all variables are as previously defined. Although diameter growth is now being projected into the past, the measurement interval (P) remains a positive value for prediction purposes.
Results
Models for both future and past diameter growth were fitted for each species group listed in Table 2 . As expected, not all parameter estimates were significant at the 95% confidence level. For species groups where this occurred, nonsignificant parameters were removed and the model was recalibrated using only significant predictors.
These models were used to predict relative diameter growth for the validation data, and the resulting residuals were analyzed to evaluate model performance.
The mean residuals from the validation data for both the future and past projection models are almost all positive (Table 3 ), indicating a net underprediction of growth. However, the magnitude of error compared with the mean relative rate of growth is small (e.g., 5%-10%), and generally, the magnitude of error is proportional to rate of growth. Conversely, the median residuals are generally negative in value, suggesting slight overprediction of growth when the influence of extreme values is removed. These residual patterns are due to a small number of trees that grew at accelerated rates in relation to tree-and stand-level conditions, which had the effect of creating a positive mean residual and a negative median residual. This is probably due to one or more factors that contribute to particularly favorable microsite conditions for a given tree or group of trees. This same phenomenon was noted by Lessard et al. (2001) and appears to be a factor in the results of Zhang et al. (2004) .
To obtain optimal estimates of parameters, the models were recalibrated using all available data. The final estimates of model parameters and variance components are given in Tables 4 and 5 . Model parameter estimates not statistically significant at the 95% confidence level are denoted with zeros. Because the dependent variable is unitless, the only modifications necessary for application to data measured in metric units are for coefficients of elevation (ELEV), individual-tree basal area (BA), and condition-level basal area per acre (BAAC). For ELEV measured in metres, the reported coefficients should be multiplied by 3.281, for BA in square metres the conversion would be a factor of 10.764, and for BAAC computed in square metres per hectare the coefficient translation is accomplished via multiplication by 4.359.
An examination of performance for the final models was accomplished using independent data from Maine. These measurements were not included in the data used to estimate the final model parameters. The future growth model was applied at the time of initial measurement, and results were compared with observed data from the most recent measurement. Similarly, the past growth model used information from the most recent measurement to project diameters for comparison with initial values. Application of the models to these data was performed by setting the random-effects parameters to their expected value of zero. Assessments were made for quadratic mean diameter (DBH q ) and cubic-foot volume per acre prediction. To compute individual tree volumes, a single-entry volume equation based on DBH 2 was fitted using the predicted volumes (Scott 1981) at the initial measurement. This was done because Scott's equations use a merchantable height estimate, which was not available in these growth projections. Only one tree appeared in group 13 (chestnut oak), so this group was not included in the analysis.
Results for the future diameter growth model show underprediction of both DBH q and volume per acre for all groups except group 3 (Table 6 ). Differences between predicted and observed DBH q were mostly near 0.1 in. (0.25 cm), and deviations in volume were on the order of 15 ft 3 /acre (1.05 m 3 /ha) or less. Bias over the projection period for DBH q are generally near 1%, while differences in volume were primarily less than 3%. Projection period percent bias was computed as (observed -predicted)/observed. Computation of average annual bias shows most groups under 0.3% for DBH q and under 1.0% for volume predictions. The percent annual bias is equal to the projection period bias divided by projection length. These results compare favorably with levels of bias for other efforts aimed at prediction of future diameter or basal area growth (Andreassen and Tomter 2003 (and references therein); Zhang et al. 2004) , where basal area growth prediction bias ranges from roughly 10% to 50%.
Predictions of past DBH q and volume were consistent with the future projections in that, generally, the change over the projection period was underestimated and biases were of similar magnitude (Table 7) . Also consistent with future projections was the behavior of individual species groups. Group 5 (pine) had notably poorer predictive accuracy than other groups for both future and past projections. The only instance of consistent overprediction of future and past growth occurred with group 3 (balsam fir).
Discussion
For the future projection models, all of the nonsignificant parameter estimates were associated with latitude, longitude, and elevation. Where this situation occurs, there is no influence from these predictors on tree growth rates or the data lack geographic extent to capture the effect. When significant, the effect of latitude was not consistent across all groups. Negative estimates were associated with groups 7 (sugar maple), 9 (black cherry), 13 (chestnut oak), 14 (miscellaneous hardwood), and 15 (red-silver maple), suggesting that growth rates decrease as location moves northward. Better growth in northern latitudes is provided for groups 1 (red-white pine), 11 (beech), and 12 (oak-hickory). For redwhite pine and beech groups, this is reasonable, as the natural range of these species extends well beyond northeastern United States. The reason for this outcome in oak-hickory is not readily apparent. Significant parameter estimates for effect of longitude were all negative, indicating better growth is attained in western areas of the region. This outcome is likely due to a number of factors, including soil type, topography, and distribution of the species within the region. Elevation was a significant predictor for only 4 of 15 species groups. Group 6 (cedar) had a positive parameter estimate, as the species presence in mountainous areas of West Virginia is closer to the middle of the natural range of occurrence (Harlow et al. 1991) . Increased elevation was detrimental to growth for groups 5 (pines), 8 (poplars), and 13 (chestnut oak), likely because of factors such as cooler temperatures and relatively dry, shallow soils. These species can occupy these poorer sites, but often exhibit slow growth rates. The remaining model parameters were significant with consistent signs across all groups. As expected, parameter estimates associated with projection length (P) and crown ratio (CR) were positive, indicating that growth rates increase as values of these predictors increase. Longer crowns usually produce more leaf area, which increases photosynthetic capability, which, in turn, often accelerates growth rates. Similarly, parameter estimates for tree basal area (BA) and condition basal area per acre (BAAC) were negative, resulting in less relative diameter growth as these values become larger. Because of the formulation of ∆D R and tree growth patterns with age, larger trees (BA) tend to have less growth relative to their size than smaller trees. Increasing competition from neighboring trees, as indicated by larger values of BAAC, also produces slower growth rates. Negative estimates for the mortality indicator (M) are associated with reduced growth rates for trees suffering mortality during the projection period. Most of these trees are suppressed and are dying because of their inability to compete for resources.
The coefficients for past projection models are similar to those for future projections in that the preponderance of nonsignificant parameter estimates is associated with the environmental predictors latitude, longitude, and elevation. Again, latitude had both positive and negative effects on growth rates. Magnitude and direction of influence were similar to those reported for future projections, except for groups 3 (balsam fir), 4 (eastern hemlock), and 9 (black cherry). For groups 3 and 4, latitude had a significant effect: negative in the case of group 3 and positive for group 4. These effects are consistent with the growth patterns of these species (Harlow et al. 1991) . Latitudinal influence on growth for group 9 was nonsignificant when fitting the past projection model. Again longitudinal effects consistently favored western areas of the region. Results by species group were similar to those of the future projection model, except that group 4 (eastern hemlock) had a nonsignificant parameter estimate. Significant effects of elevation were consistently negative, with groups 3 (balsam fir), 7 (sugar maple), and 10 (black cherry) showing a significant response and groups 5 (pines) and 6 (cedar) having no response to changes in elevation. A perplexing outcome was the nonsignificance of the estimated β 6 parameter (BA) for groups 5 (pines), 8 (poplar), 9 (black cherry), and 14 (miscellaneous hardwood), although this parameter was almost significant for groups 5 and 8 (0.05 < p < 0.10). Given that the dependent variable was relative diameter growth (∆D R ), it was expected that a tree size predictor variable (BA) would always be important. One possible cause of nonsignificance of the β 6 estimate is that values of ∆D R for past growth are smaller and have less dispersion than those for future growth. Thus, ∆D R is more constant, and the importance of BA in defining relative growth rates is diminished. Shifts in significance of estimated parameters that occur when changing from future to past projections are puzzling, as one would expect that factors influencing growth would affect both past and future rates. An underlying cause may be change in the basis of relativity between the future and past model-fitting data. For a given rate of change, the relative change is larger for forward projections. This creates more variability in the dependent variable, but more importantly, creates differences in variability between the fitting data sets. Depending on how these differences arise, the ability of predictors to explain the variation may increase, stay about the same, or decrease. Hence, the significant predictors for future projections may not match with those for past projections. There could be a number of alternative explanations as well. Further study is needed to fully understand the phenomenon.
The estimated parameters for the variance model can be used to examine trends in variance related to projection length (P), basal area per acre (BAAC), and tree basal area (BA). Figure 1 depicts the trend surface of species group 12 for projection lengths of 5, 10, and 15 years. The variability in ∆D R is fairly flat for the 5-year projection with a trend toward increasing variability as projection length increases. Additionally, conditions where trees are relatively small and stand density is low create higher variability. These circumstances likely occur in immature stands where trees are subjected to varying levels of competition. Growth rates become quite variable as some trees assume dominance and others become suppressed. In contrast, there is low variability for large trees and stands having high basal area per acre values. In these mature stands, growth rates are more consistent, as the stand is not in a rapid development phase.
Conclusion
Models to estimate both future and past relative diameter growth were developed and fitted to data from 15 species groups occurring in the northeastern United States. Correlations among growth rates for trees on the same plot condition were accounted for via a mixed-effects modeling approach. Additionally, a function was specified to account for heterogeneous variance among individual trees, plot conditions, and growth projection lengths. The models described can be used with a minimal amount of data. The only fieldcollected parameters needed are DBH, crown ratio, and for past projections, an indicator of mortality. Latitude, longitude, and elevation can be obtained in the field via GPS or acquired from one of many other sources (maps, GIS, etc.) at a later time. For future projections, mortality assumptions are needed and may be obtained via a mortality model or other methods.
With the exception of group 3 (balsam fir), application to independent data showed that growth rates were slightly underpredicted for both future and past projections. However, the magnitude of bias was minimal for most species groups. A wide range of flexibility is afforded across species, forest conditions, and projection lengths, which should make the models suitable for many applications. With this in mind, users are cautioned to avoid extrapolation, primarily for tree sizes, projection lengths, and geographic areas not represented in the model fitting data.
